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SUMMARY

The purpose of this study was to develop a method for identifying newly diagnosed tuberculosis
(TB) patients at risk for TB adverse events in Tamaulipas, Mexico. Surveillance data between
2006 and 2013 (8431 subjects) was used to develop risk scores based on predictive modelling.
The final models revealed that TB patients failing their treatment regimen were more likely to
have at most a primary school education, multi-drug resistance (MDR)-TB, and few to moderate
bacilli on acid-fast bacilli smear. TB patients who died were more likely to be older males with
MDR-TB, HIV, malnutrition, and reporting excessive alcohol use. Modified risk scores were
developed with strong predictability for treatment failure and death (c-statistic 0·65 and 0·70,
respectively), and moderate predictability for drug resistance (c-statistic 0·57). Among TB patients
with diabetes, risk scores showed moderate predictability for death (c-statistic 0·68). Our findings
suggest that in the clinical setting, the use of our risk scores for TB treatment failure or death
will help identify these individuals for tailored management to prevent these adverse events.
In contrast, the available variables in the TB surveillance dataset are not robust predictors of
drug resistance, indicating the need for prompt testing at time of diagnosis.
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INTRODUCTION

Tuberculosis (TB) continues to be oneof themajor health
problems worldwide, especially in low-income countries.
Even though TB death rates had dropped dramatically

worldwide, further reduction is recommended by the
WHO and is one of the millennium goals [1]. Other TB
adverse outcomes are of concern as they can aid disease
spread and the development of drug resistance. In
2014, the TB incidence rate in Mexico was estimated to
be 21 per 100 000 denoting a high burden of the disease
nationally [2]. The Mexican state of Tamaulipas has an
even higher TB incidence (30 per 100 000) when com-
pared with the national rate [3, 4].

There has been an epidemiological transition in the
general Mexican population in the last two decades
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where obesity, metabolic syndrome, and diabetes mel-
litus (DM) have dominated the country’s overall
health profile [5–9]. According to the International
Diabetes Federation, the prevalence rate of DM in
Mexico was estimated to be 14·7% in 2015, with
Mexico ranking sixth worldwide based on the number
of people with diabetes [10]. The growing prevalence
of DM poses a challenge for TB control and contri-
butes to a person’s risk of developing TB as well as
influencing TB treatment outcomes [11–15]. Several
studies worldwide show controversial effect of DM
on TB adverse outcomes including treatment failure
rates and death during the course of treatment
[16–21]. However, prediction of TB adverse outcomes
may be imprecise in the context of DM alone. Other
factors can individually impact TB outcomes includ-
ing socio-demographic characteristics. We used pre-
dictive modelling to develop a risk score based on
risk factors for TB adverse outcomes in the Mexican
state of Tamaulipas. Our goal was to develop a simple
tool to be used in clinical setting to help identify those
at risk of adverse TB outcomes at the time of TB pres-
entation, for a tailored, closer follow-up during their
treatment.

The current study utilized TB surveillance data for
Tamaulipas between 2006 and 2013 to examine the
prediction of TB adverse events (treatment failure,
death, and drug resistance) among a large group of
TB patients (8431). Given that we recently reported
that 25% of the TB patients in Tamaulipas have
DM co-morbidity [22], we evaluated the subset of
TB–DM patients separately for risk of treatment fail-
ure and death (2121). We sought to determine whether
an individual risk of TB treatment failure or death
could be predicted at the time of TB presentation in
a convenient and inexpensive way based on surveil-
lance data from previous TB patients. Moreover,
due to limited testing resources for TB drug resistance,
we looked at drug resistance prediction models in an
effort to determine the risk of drug resistance at time
of TB presentation.

METHODS

Study population

We used data collected for TB surveillance purposes
by the Health Department (Secretaría de Salud) for
the state of Tamaulipas, Mexico between the years
of 2006 and 2013. The procedure for selection of
8431 adults (18 years or older) with newly diagnosed

TB patients and their characteristics was reported
recently [22]. The analysed data included all the TB
cases reported to the Tamaulipas health department.
TB diagnosis was primarily based on a positive
smear from sputum or other specimen for acid-fast
bacilli (AFB), but also on mycobacterial culture or
histopathology, and in some cases supported by
abnormal chest x-ray or PCR (but not including
cases diagnosed post-mortem). One-fourth of the
study population had DM as co-morbidity. The
other frequent co-morbidities were malnutrition
(8·3%), alcoholism (5·6%), and HIV (5·3%) [22].
Treatment status for DM or HIV were not included
in the dataset, but universal treatment for HIV is
available at no cost.

The adverse TB events evaluated in this study
included treatment failure, death, and drug resistance
(all as binary outcomes). Treatment failure indicated
smear-positive persistence at or after 5 months of
treatment with first-line anti-TB medications. Death
included all causes of death (TB or non-TB related)
during the course of TB treatment. Testing for drug
resistance is routinely done at the time of TB diagnosis
in the sanitary jurisdictions across the US border, but
not in non-border regions of Tamaulipas. In the latter
case, drug resistance is usually evaluated after treat-
ment failure with first-line medications. Therefore,
drug resistance was evaluated as an adverse event
and also as a predictor of treatment failure and
death. Drug resistance was evaluated for five antibio-
tics (isoniazid, rifampin, pyrazinamide, streptomycin,
and ethambutol) using culture methods and coded
as present if resistance to any of the five drugs was
detected. Multi-drug resistance (MDR) included
resistance to isoniazid and rifampicin. DM diagnosis
was based on self-report for all cases, and sometimes
complemented with testing for hyperglycaemia at
time of TB diagnosis as described previously [22].
HIV diagnosis was based on either self-report or blood
testing at the time of TB presentation, but blood test-
ing was not always documented in the database.
Malnutrition was determined clinically as being under-
weight at time of TB diagnosis. TB location was
defined as pulmonary vs. all other extra-pulmonary
forms. Education was classified as ‘none or up to
primary school’ vs. ‘higher than primary school’.
Occupation status was coded as unemployed, not-
employed (students, inmates, and retirees), and
employed based on self-report. Semi-quantitative AFB
smear grades were based on the number of AFB per
high-power field microscopy in the first smear and
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included negative (0), rare bacilli (+1), few bacilli (+2),
and moderate number of bacilli (+3).

This study was approved by the institutional review
board of the University of Texas Health Science
Centre at Houston (HSC-SPH-15-0489) and the
Research Committee for the Secretaría de Salud de
Tamaulipas (Comité de Enseñanza; 076/2015/CEI).

Statistical analysis

Descriptive analyses were performed to characterize
the distributions of various variables in our study
population with respect to encountered adverse events.
Pearson’s χ2 test was used for binary and categorical
variables, and Student’s t-test for continuous variables
to compare differences in the positive and negative out-
comes groups. To develop the risk scores and test their
validity, subjects from our study population were ran-
domly assigned to either a derivation subset or a valid-
ation subset using the proc surveyselect procedure in
SAS software v 9.4. Since DM has been reported as
a risk factor for TB and adverse TB outcomes in
some studies [13–21], we used stratified random sam-
pling with a DM proportion of 25·2% to keep the pro-
portion of DM identical to that in the total sample [22].
The derivation dataset had 4216 observations and the
validation dataset had 4215 observations with 0·50
probability of selection.

Univariable (simple) logistic regression was used
with the derivation subset to determine the relationship
of each independent variable for each of the selected
adverse events. For the multiple logistic regression
model building, we selected variables with clinical sign-
ificance and all the predictors with P4 0·25 at the uni-
variable level. Then we identified the variables with
significant independent predictive value (P4 0·1) in
the multiple logistic regression model using Hosmer–
Lemeshow model building criteria [23], and checked
for linearity in the logit of continuous variables and
for significant interaction terms. We also assessed
goodness of fit and stability of the model. Then we
derived risk scores based on these variables and tested
them initially in the derivation subset. The modified
risk scores were developed using the sum of the
weighted risk factors identified in the final models.
Weights were assigned to each positive and negative
predictor based on the magnitude of the odds ratio
(OR) for each variable for easier interpretation. The
β-coefficients (or log of the ORs) were used to develop
weighted score for one of our models (details below)
where β-coefficients were rounded to the nearest 10th

and then multiplied by 10. For categorical variables, a
score was assigned to each category and we accounted
for that when calculating the range of potential risk
scores since patients can fall in only one of the categor-
ies. Finally, the precision of the best prediction methods
that were developed for each adverse event with data
from the derivation subset were tested among subjects
in the validation subset. For this, we conducted logistic
regression models entering each patient’s risk score as
the independent variable for each of the adverse events
of interest.We also tested if the rate of the adverse events
increases with the increasing risk scores. Finally based
on sensitivity and specificity analysis, area under the
curve (AUROC), and aiming to maximally reach our
targeted population, we developed cut-off points for
all constructed modified risk scores using the validation
dataset. All statistical analyses were conducted using
STATA 14 [24] and SAS 9.4 [25].

RESULTS

Characteristics of TB patients with adverse outcomes

Among the 8431 newly diagnosed TB patients
between 2006 and 2013 in the state of Tamaulipas,
Mexico, we focused on the two most prevalent adverse
outcomes during TB treatment: treatment failure (158
patients) and death during treatment irrespective of
direct mortality cause (521 deaths; Table 1). We
found that TB patients who failed their initial treat-
ment regimen with first-line antibiotics (vs. no treat-
ment failure) were more likely to be male (74% vs.
65%) with no or primary school education (67·5%
vs. 57·7%), more likely to present with an initial posi-
tive AFB smear (93·6% vs. 85·9%), and 21% had
MDR-TB. On the other hand, TB patients who died
during treatment (vs. survived) were significantly
older (mean age 50 vs. 42), more likely to be male
(74·3% vs. 64·9%, with education at or below primary
school level (69·3% vs. 57·1%), reporting excessive
alcohol use (10% vs. 5·3%), less likely to be BCG vac-
cinated, and more than 60% were either not employed
or unemployed (39·8% and 23%, respectively). On
evaluating their clinical profile, TB patients who
died were more likely to present with extra-pulmonary
TB (14·8% vs. 7·6%), had HIV (19% vs. 4·4%) or mal-
nutrition (17·3% vs. 7·7%), and were less likely to have
initial positive AFB smear (77·8% vs. 85·6%) or pre-
sent with diabetes as a co-morbidity (16·9% vs.
25·7%) (Table 1). Other variables that were evaluated
at the univariable level but found to show no
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Table 1. Demographic features and clinical presentation of 8431 TB patients by adverse outcomes and drug resistance status in Tamaulipas, Mexico, 2006–2013a

Characteristics

Death Treatment failure Drug resistance

Yes n= 521
6·2% No OR (95% CI)

Yes n= 158
1·9% No OR (95% CI)

Yes n= 259
3·1% No OR (95% CI)

Age (mean, ± S.D.) 50·6 (18·6) 42·6 (16·4) 1·03 (1·02, 1·03) 45·2 (15·5) 43·1 (16·7) 1·0 (0·9, 1·0) 41·6 (15·7) 43·2 (16·7) 0·9 (0·9, 1·0)
Gender
Female 25·7% 35·1% 1 25·9% 34·6% 1 31·3% 34·6% 1
Male 74·3% 64·9% 1·6 (1·3, 1·9) 74·1% 65·4% 1·5 (1·1, 2·2) 68·7% 65·4% 1·2 (0·8, 1·5)

Education
Higher than primary school 30·6% 42·9% 1 32·5% 42·3% 1 45·2% 42·1% 1
No or primary school 69·3% 57·1% 1·7 (1·4, 2·1) 67·5% 57·7% 1·5 (1·1, 2·1) 54·8% 57·9% 0·9 (0·7, 1·1)

Employment status
Employed 37·1% 42·7% 1 41·5% 42·4% 1 43·8% 42·4% 1
Not employedb 39·8% 42·6% 1·1 (0·8, 1·4) 39% 42·5% 0·9 (0·6, 1·4) 37·9% 42·6% 0·8 (0·6, 1·2)
Unemployed 23·1% 14·7% 1·8 (1·4, 2·4) 19·5% 15·1% 1·3 (0·8, 2·2) 18·3% 15% 1·2 (0·8, 1·7)
BCG vaccine (yes) 64% 77% 0·5 (0·4, 0·6) 79·4% 76·2% 1·2 (0·8, 1·8) 81·9% 76·1% 1·4 (1·0, 1·9)

Location of disease
Extra-pulmonary 14·8% 7·6% 1 0% 8·2% N/A 0·8% 8·3% 1
Pulmonary 85·2% 92·4% 0·5 (0·4, 0·6) 100% 91·8% N/A 99·2% 91·7% 11·6 (2·9, 46·5)
MDR (yes) 0·96% 0·63% 1·5 (0·6, 3·8) 20·9% 0·3% 99 (56, 175) N/A N/A N/A
Positive initial AFB smear 77·8% 85·6% 0·6 (0·5, 0·8) 93·6% 85·9% 2·6 (1·4, 4·9) 94·1% 84·8% 2·8 (1·7, 4·8)

Number of bacilli in initial AFB smear
Negative 22·3% 14·5% 1 6·4% 15·1% 1 6% 15·2% 1
Rare bacilli (+1) 32·5% 37·3% 0·6 (0·4, 0·7) 30·6% 37·2% 1·9 (0·9, 3·9) 30·7% 37·2% 2·1 (1·2, 3·7)
Few to moderate (>+2) 45·3% 48·2% 0·6 (0·5, 0·8) 63·1% 47·7% 3·1 (1·6, 6) 63·3% 47·5% 3·4 (1·9, 5·8)

Comorbidities
Diabetes 16·9% 25·7% 0·6 (0·5, 0·7) 30·4% 25·1% 1·3 (0·9, 1·8) 31·3% 24·9% 1·4 (1·0, 1·8)
HIV 19% 4·4% 5·1 (4·0, 6·5) 3·2% 5·3% 0·6 (0·2, 1·4) 3·5% 5·3% 0·6 (0·3, 1·2)
Malnutrition 17·3% 7·7% 2·5 (1·9, 3·2) 10·8% 8·3% 1·3 (0·8, 2·2) 6·2% 8·4% 0·7 (0·4, 1·2)
Alcoholism 10% 5·3% 1·9 (1·4, 2·7) 6·3% 5·6% 1·1 (0·6, 2·2) 4·2% 5·8% 0·7 (0·4, 1·4)

a Analysis done using χ2 and simple logistic regression. Data expressed as % unless otherwise specified.
b Not employed included students, house wife, inmates, and retirees.
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significant difference between study groups or to con-
tribute to the multiple logistic regression models were:
previous TB infection and sanitary jurisdiction loca-
tion (border vs. non-border) (data not shown).

Characteristics of TB patients with drug resistance

Due to limited resources, drug testing in the non-
border sanitary jurisdictions of Tamaulipas is only
conducted once treatment failure is detected, as
opposed to being done at the time of TB diagnosis.
Therefore, we identified the characteristics of those
at risk for drug resistance a-priori. TB patients show-
ing resistance to any of the five drugs tested were more
likely to report BCG vaccination (81·9% vs. 76·1%),
present with pulmonary disease (99·2% vs. 91·7%),
have an initial positive AFB smear (94·1% vs.
84·8%) with 41·9% of them having +3 bacilli, and
have DM (31·3%). There was no significant difference
between TB patients with drug resistance and those
without regarding age, gender, education level,
employment status, and other comorbidities (HIV
and malnutrition) (Table 1).

Characteristics of TB patients with adverse outcomes
and drug resistance in the derivation dataset

The characteristics of the 4216 TB patients in the der-
ivation dataset with probability of selection of 0·5
were comparable to those previously described for
all TB patients (Table S1 and description in online
Supplementary material available on the Cambridge
Core website).

Characteristics of TB patients with adverse outcomes
and drug resistance in the validation dataset

The characteristics of the TB patients in the validation
dataset (n= 4215) were comparable to those previ-
ously described for all TB patients (Table S2 and
description in online Supplementary material avail-
able on the Cambridge Core website).

Multiple logistic regression analysis

In order to identify significant socio-demographic
and clinical predictors for the outcomes of interest,
we used multiple logistic regression models. For this,
we used a derivation dataset and then followed the
Hosmer–Lemeshow model building criteria [23]. The
final logistic regression model for treatment failure

had a c-statistic of 0·70 and retained only two predic-
tors for higher risk of treatment failure. The predictors
were low or no education (adjusted OR (aOR) = 1·8,
95% confidence interval (CI) (1·0, 3·3)), MDR-TB
(aOR 114·2, 95% CI (54·1, 241·1)) (Table 2). There
were no significant interaction terms in these models
(data not shown).

The final model for all causes of death had a
c-statistic of 0·77 and retained six predictors for higher
risk of death and two negative predictors. The predic-
tors for higher risk were age (41–64 years old) (aOR
1·7, 95% CI (1·3, 2·4)), or age (565 years old) (aOR
5·4, 95% CI (3·8, 7·7)) compared with referent age cat-
egory (18–40), male gender (aOR 1·5, 95% CI (1·0,
2·1)), MDR-TB (aOR 3·5, 95% CI (1·2, 9·8)), HIV
(aOR 3·0, 95% CI (1·2, 9·8)), malnutrition (aOR 2·5,
95% CI (1·7, 3·5)), and reporting being alcoholic
(aOR 2·3, 95% CI (1·4, 3·5)). The negative predictors
were DM (aOR 0·4, 95% CI (0·2, 0·9)) and pulmonary
TB (aOR 0·4, 95% (0·2, 0·6)). Two interaction terms
were found to be significant in this model; being a dia-
betic male (aOR 2·4, 95% CI (1·0, 5·6)) and having
HIV together with pulmonary TB (aOR 2·5, 96% CI
(0·9, 6·8)) (Table 2). The final model for drug resist-
ance had a c-statistic of 0·61 and retained two predic-
tors for higher risk and one negative predictor. The
predictors for higher risk were pulmonary TB (aOR
5·7, 95% CI (0·8, 42·5)), AFB smear (+1) (aOR 1·3,
95% CI (0·7, 2·7)), or AFB smear of +2 bacilli or
more (aOR 2·1, 95% CI (1·1, 4·1)). The negative pre-
dictor age (41–64 years old) (aOR 0·9, 95% CI (0·6,
1·2)) or age (565 years old) (aOR 0·5, 95% CI (0·3,
1·0)) and no significant interaction terms (Table 2).
It was previously shown that 94% of drug resistance
cases were from the border jurisdictions [22], yet a
model using subjects from the border jurisdictions
only did not demonstrate better predictability (not
shown).

Modified risk scores

After developing the final predictor model for each
outcome using the derivation subset, we developed a
modified risk score and retested the predictability of
our model within this same subset. The modified scor-
ing system was constructed based on weighing the pre-
dictor variables proportional to their ORs or the
β-coefficients in case of the treatment failure model
as the model exhibited large magnitude of one of the
predictors’ OR. To avoid negative values when adding
all risks, a correction factor was added as needed
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(baseline values in Table 2). To examine the predict-
ability of the constructed scores, logistic regression
analyses were then repeated using the derivation data-
set with the constructed modified scores (total of the
weighted individual predictors) as the independent
variable.

Using the derivation subset, the model for treat-
ment failure using the modified risk score showed non-
significant results indicating that the score is not a
good predictor for treatment failure. Due to the high
magnitude of the effect of the MDR-TB in our
model, the model building was repeated in a smaller

derivation dataset with 0·25 probability of selection
(n= 2109). The second model with the smaller dataset
yielded a c-statistic of 0·74, retained four predictors of
higher treatment failure risk and no predictors for
lower risk. The predictors for higher risk were low or
no education (aOR= 2·3, 95% CI (0·9, 5·7)), MDR
(aOR 54·3, 95% CI (15·7, 187·5)), having +2 bacilli
on initial AFB smear (aOR 2·7, 95% CI (0·8, 8·6)),
and having +3 bacilli (aOR 4·3, 95% CI (1·5, 12·1))
(Table 3). The model using the modified risk score
based on the weighted β (for second model derived
from small derivation set) showed a comparable result

Table 2. Multivariable logistic regression models and calculation of the simple and modified risk scores for adverse
TB events using a derivation subset with 0·5 probability of selection (n = 4216)

Dataset used
Derivation subset Derivation and validation subsets
aOR (95%CI)/P-value Points for modified risk score

Treatment failure
Predictors Model Score based on weighted β
No or low education 1·8 (1·0, 3·3)/0·045 6
MDR 114·2 (54·1, 241·1)/<0·001 47
Range of possible scores 0–53
c-statistic with derivation subset 0·70 NS
c-statistic with validation subset NS
Death due to all cause
Predictors Model Score based on weighted OR

Baseline value 2
Age (41–64 years old) 1·7 (1·3, 2·4)/0·001 2
OR age (565 years) 5·4 (3·8, 7·7)/<0·001 5
Male gender 1·5 (1·0, 2·1)/0·03 2
MDR-TB 3·5 (1·2, 9·8)/0·02 4
HIV 3·0 (1·2, 7·5)/0·003 3
Malnutrition 2·5 (1·7, 3·5)/<0·001 3
Alcoholism 2·3 (1·4, 3·5)/<0·001 2
Male * diabetes 2·4 (1·0, 5·6)/0·046 2
HIV * pulmonary TB 2·5 (0·9, 6·8)/0·062 3
DM 0·4 (0·2, 0·9)/0·024 −1
Pulmonary TB 0·4 (0·2, 0·6)/<0·001 −1

Range of possible scores 0–26
c-statistic with derivation subset 0·77 0·75
c-statistic using maximum-likelihood
ROC model in validation subset

0·70

Drug resistance
Predictors Model Score based on weighted OR

Baseline value 2
Pulmonary TB 5·7 (0·8, 42·5)/0·087 6
AFB smear (+1) 1·3 (0·7, 2·7)/0·435 1
OR AFB smear (5+2) 2·1 (1·1, 4·1)/0·028 2
Age (41–64 years old) 0·9 (0·6, 1·2)/0·396 −1
OR age (565 years old) 0·5 (0·3, 1·0)/0·061 −1
Range of possible scores 0–10

c-statistic with derivation subset 0·61 0·58
c-statistic using maximum-likelihood
ROC model in validation subset

0·57

NS, not significant.
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(c-statistic 0·74) indicating significant strong predict-
ability of this model.

The logistic regression model for ‘death’ using the
modified risk score had a c-statistic of 0·75 indicating
strong and significant predictability (P < 0·001). For
drug resistance, the logistic regression model using
the modified risk score yielded a c-statistic of 0·58
with a P-value 0·0002 indicating a moderately but
significant prediction of drug resistance (using the
main derivation set (n = 4216)).

Validation of risk scores

To establish the predictability of the models among
patients in the validation subset, a logistic regression
model and a maximum-likelihood ROC model
(The constrained ROC estimator has lower variance)
were evaluated for each of the study outcomes by
using the modified risk score as independent variable.
The c-statistics for the modified risk scores was
0·63 for treatment failure and 0·70 for death, and
0·56 for drug resistance, respectively. All logistic
regression models were statistically significant with a
P-value < 0·001 for death and treatment failure and
P-value of 0·009 for drug resistance. The c-statistics
using the maximum-likelihood ROC model was 0·65
for treatment failure, 0·70 for death, and 0·57 for
drug resistance, respectively (Tables 2 and 3).

To demonstrate the increase in the proportion of
adverse events as the risk scores increase, and to iden-
tify the best stratification for risk categories, we exam-
ined the observed proportion of each adverse event in
the validation subset as a function of incrementally

higher modified risk score (Fig. 1). Additionally
based on sensitivity and specificity analysis, we devel-
oped a cut-off point for all of the risk scores using the
Liu method (maximizes the product of the sensitivity
and specificity), the Youden method (maximizes the
sum of the sensitivity and specificity), and the nearest
to (0, 1) method (finds the cut point on the ROC curve
closest to (0,1)).

For treatment failure, the observed proportions
ranged from as low as 3% among patients with mod-
ified risk scores between 0 and 23, 58% among
patients with risk score of 40–50, to 75% among
patients with scores 550. A cut-off point of 15 with
a specificity of 66% and sensitivity of 52% was the
optimum point for identifying those at higher risk of
treatment failure, based on both the Liu and nearest
methods (c-statistics of 0·59 and P-value = 0·0092;
Table 4). This cut-off would comprise 34·4% of all
the TB patients (Table S3).

For death, the observed average proportions were
3·5%, 8%, 14·5%, and 31% among patients with mod-
ified risk scores between 0–4, 5–9, 10–12, and 513,
respectively (Fig. 1). A cut-off point of 5 can be
used to classify those with greater risk for death
based on the three methodologies listed above (sensi-
tivity 60% and specificity 71%, c-statistics of 0·65
with P-value 0·0356) (Table 4). This cut-off would
comprise 47·6% of all the TB patients (Table S3).

For drug resistance, the observed average propor-
tions were 2·2%, 3·4%, and 4·2%, for patients with
observed modified risk scores of 8, 9, and 10, respect-
ively (Fig. 1). A cut-off point of 9 can be used to clas-
sify those with greater risk for drug resistance based

Table 3. Multivariable logistic regression models and calculation of the simple and modified risk scores for adverse
TB events using a derivation subset with 0·25 probability of selection (n = 2109)

Dataset used

Derivation subset with 0·25
probability of selection (n= 2109) Derivation and validation subsets
aOR (95% CI)/P-value Points for modified risk score

Treatment failure
Predictors Model Score based on weighted β
No or low education 2·3 (0·9, 5·7)/0·06 8
MDR 54·3 (15·7, 187·5)/<0·001 40
AFB smear +2 2·7 (0·8, 8·6)/0·09 10
OR AFB smear +3 4·3 (1·5, 12·1)/0·006 15
Range of possible scores 0–63
c-statistic with derivation subset 0·74 0·74
c-statistic with validation subset 0·63
c-statistic using maximum-likelihood
ROC model in validation subset

0·65
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on the Liu and nearest methods with sensitivity 33%
and specificity 74%, c-statistics of 0·54 with P-value
0·0052 (Table 4). This cut-off would comprise 58·4%
of all the TB patients (Table S3).

Characteristics of TB patients with adverse outcomes
by score cut-off point

We used the whole data for TB patients in Tamaulipas
Mexico between 2006 and 2013 to evaluate demo-
graphic and clinical characteristics of TB patients
with adverse outcomes by score cut-off point utilizing
univariate regression analysis (Table S5 and descrip-
tion in online Supplementary material available on
the Cambridge Core website).

Risk of treatment failure and death among TB–DM
patients

Only some of the published studies show that DM is
associated with the adverse TB treatment events that
we evaluated in this study [16–21]. In our recent ana-
lysis of the same study sample from Tamaulipas, we

found that TB–DM patients were indeed more likely
to have drug resistance, but that DM status was not
associated with TB treatment failure or higher death
rates [22]. In the present study, we aimed to expand
on these observations by examining if there were add-
itional or dissimilar predictors of these adverse out-
comes within the TB–DM patients only (n= 2121).
We ran descriptive and regression models to assign
separate risk scores for this particular subgroup, but
with no separate validation subsets due to the limited
sample size. Otherwise, derivation of the models uti-
lized the same model building methodology described
for all TB patients. The descriptive analyses for death,
treatment failure, and abandoning of treatment are
shown in Table 5.

The TB–DM patients who died during their TB
treatment period (vs. TB–DM who survived) were
older and with a higher likelihood of being male
(75% vs. 56·7%), more likely to present with extra-
pulmonary TB (7·9% vs. 3·1%), MDR-TB (1·1%vs.
0·9%), and to have additional comorbidities (HIV
and malnutrition). They were less likely to have been
BCG vaccinated (57·7% vs. 73·8%) or have an initial

Fig. 1. Rates of adverse events using the modified risk scores. Data from 4215 TB patients in the validation subset were
used to assess rates of treatment failure (a), death (b), and drug resistance (c). Data from 2121 TB–DM patients were used
to assess rates of death.
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positive AFB smear (76·3% vs. 89·9%). TB–DM who
failed their treatment regimen (vs. TB–DM who did
not fail their treatment) were mostly with no or pri-
mary school education (78·3% vs. 64·5%), presenting
with pulmonary TB (100%) and were more likely to
have MDR-TB (25% vs. 0·4%). TB-DM patients
who abandoned their treatment (vs. TB-DM who
completed treatment) were younger, mostly males
(71% vs. 56·3%), and more likely to have HIV as a
co-morbidity (2·2% vs. 0·4%) (Table 5).

Regression models for drug resistance and treat-
ment failure in TB–DM patients could not be estab-
lished given that the final models failed to retain
more than one variable. The regression model results
for death and abandoning of treatment are shown in
Table 6. The logistic regression model for death in
TB–DM patients had a c-statistic of 0·68, retained
two predictors for higher and two negative predictors.
The predictors for higher risk were male gender
(aOR = 2·9, 95% CI (1·6, 5·4)), and malnutrition
(aOR 3·0, 95% CI (1·3, 7·5)). The predictors for
lower risk were BCG vaccine (aOR= 0·4, 95% CI
(0·3, 0·7)) and having a positive initial AFB smear
(aOR = 0·4, 95% CI (0·2, 0·7)). None of the inter-
action terms were significant (Table 6). The logistic
regression model for death in TB–DM patients using
the modified risk score had a c-statistic of 0·68 indicat-
ing that the risk score was a strong and significant
predictor of death (P < 0·001).

The model for abandoned treatment in TB–DM
patients had a c-statistic of 0·63, retained three predic-
tors of higher risk: age (<40 years old) (aOR= 2·1,
95% CI (1·4, 3·3)), male gender (aOR= 1·9, 95% CI
(1·2, 2·9)), and HIV (aOR 4·1, 95% CI (0·9, 19·7)).
None of the interaction terms were significant. The
logistic regression model for abandoned treatment in
TB–DM patients using the modified risk score had a
c-statistic of 0·62 and P < 0·001 indicating that the
risk score was a moderate but significant predictor
of abandoning treatment (Table 6). The observed
death rate in TB–DM patients ranged from as low
as 2% among patients with modified risk score
between 0 and 2, to 50% among patients with the
maximum risk score of 8 (Fig. 1).

DISCUSSION

We examined whether the socio-demographic charac-
teristics and clinical presentation of newly diagnosed
TB patients can be used to predict the risk of drug
resistance at the time of diagnosis and of adverse TB
outcomes during treatment. For this, we built several
models using TB surveillance data collected between
2006 and 2013 in Tamaulipas, Mexico. Then we
developed modified risk scores that were found to pro-
vide significant predictability of the outcomes.
Computing the sum of the modified scores is simple
and we further developed a diagrammatic scheme in
Figure 2, as well as complementary tables (Tables
S3 and S4) which can be used by physicians and
healthcare workers in Tamaulipas as a guide to help
predict the risk of adverse events in a given patient.
The goal is to identify patients with the highest scores
in order to tailor their management to improve their
TB treatment outcomes.

The strongest predictor for treatment failure in TB
patients was their MDR status, and in the validation
dataset, it increased the treatment failure rate per
risk score category from 2% to 75%. This emphasizes
the importance of drug resistance determination at the
start of the treatment regimen in order to avoid treat-
ment failures. All other predictors (low education, +2
or +3 bacilli on AFB smear) had a combined risk
score of <40, which yielded a low observed average
treatment failure rate (Fig. 1). Having a modified
risk score cut-off of 15 or more identified those at
higher risk of treatment failure with the most optimal
sensitivity and specificity based on the nearest method
and AUROC.

Table 4. Cut-off points for modified risk scores based
on sensitivity and specificity analysis

Method and indices
Treatment
failure Death

Drug
resistance

Liu method
Cut-off point 15 5 9
Sensitivity 0·52 0·60 0·33
Specificity 0·66 0·71 0·74
AUROC 0·59 0·65 0·54

Nearest method
Cut-off point 15 5 9
Sensitivity 0·52 0·60 0·33
Specificity 0·66 0·71 0·74
AUROC 0·59 0·65 0·54

Youden method
Cut-off point 18 5 8
Youden index (J) 0·187 0·301 0·087
SE (J) 0·0534 0·0313 0·0359
Sensitivity 0·39 0·60 0·85
Specificity 0·80 0·71 0·24
AUROC 0·59 0·65 0·54
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Table 5. Demographic features and clinical presentation for 2121 TB–DM patients by selected treatment outcomesa

Characteristic

Death Treatment failure Abandon treatment

Yes (n= 88) No P-value Yes (n= 48) No P-value Yes (n= 93) No P-value

Age (mean ± S.D.) 56·6 (15·4) 50·8 (12·6) <0·001 53·2 (14·2) 50·9 (12·8) 0·2308 46·9 (14·8) 51·2 (12·7) 0·0016
Gender <0·001 0·921 0·005
Female 22 (25%) 891 (43·8%) 21 (43·8%) 892 (43%) 27 (29%) 886 (43·7%)
Male 66 (75%) 1142 (56·7%) 27 (56·2%) 1181 (57%) 66 (71%) 1142 (56·3%)
BCG vaccine 45 (57·7%) 1408 (73·8%) 0·002 65 (77·4%) 1388 (73%) 0·336 65 (77·4%) 1388 (73%) 0·377
Education 0·143 0·053 0·935
No or primary school 60 (72·3%) 1258 (64·5%) 36 (78·3%) 1282 (64·5%) 58 (65·2%) 1260 (64·8%)
Higher than primary school 23 (27·7%) 694 (35·5%) 10 (21·7%) 707 (35·5%) 31 (34·8%) 686 (35·2%)
Employment status 0·024 0·867 0·194
Employed 23 (33·8%) 617 (37·9%) 17 (40·5%) 623 (37·7%) 28 (43·1%) 612 (37·6%)
Not employedb 31 (45·6%) 844 (51·9%) 0·958 20 (47·6%) 855 (51·7%) 27 (41·5%) 848 (52%) 0·185
Unemployed 14 (20·6%) 166 (10·2%) 0·017 5 (11·9%) 175 (10·6%) 10 (15·4%) 170 (10·4%) 0·506
Location of disease 0·024c 0·405c 0·368c

Extra-pulmonary 7 (7·9%) 63 (3·1%) 0 (0%) 69 (3·4%) 1 (1·1%) 69 (3·4%)
Pulmonary 81 (92·1%) 1969 (96·9%) 48 (100%) 1958 (96·6%) 92 (98·9%) 1958 (96·6%)
MDR 1 (1·1%) 19 (0·93%) 0·573c 12 (25%) 8 (0·4%) <0·001c 0 (0·00%) 20 (0·99%) 1·000c

Positive initial AFB smear 58 (76·3%) 1745 (89·9%) <0·001 46 (95·8%) 1757 (89·2%) 0·230c 73 (86·9%) 1730 (89·5%) 0·45
Comorbidities
HIV 3 (3·4%) 8 (0·4%) 0·009c 0 (0%) 11 (0·5%) 1·000c 2 (2·2%) 9 (0·4%) 0·081c

Malnutrition 10 (11·4%) 58 (2·8%) <0·001 2 (4·2%) 66 (3·2%) 0·666c 5 (5·4%) 63 (3·1%) 0·220c

a Data expressed as n (%) unless otherwise specified.
b Not employed included students, house wife, inmates, and retirees.
c Fisher’s exact test.
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Additionally, when predicting death, the modified
risk score illustrated the prominent effect of HIV
and its synergistic effect when present in pulmonary
TB patients on death as an outcome. Older age
and MDR-TB also were strongly associated in our
model, and even though diabetes was a negative pre-
dictor in the model, male diabetics (interaction term)
had a strong positive predictability of death as an out-
come. Other studies in developing countries world-
wide had identified some of our predictors as risk
factors for TB adverse outcomes (treatment failure
and death) including but not limited to older age,
lower education, unemployment, smoking, sputum
smear positive, MDR-TB, and HIV infection [26–
29]. The commonalities in the risk factors for TB
adverse outcomes in developing countries render an
added importance to our models as they could prob-
ably be used to predict TB outcomes in similar regions
of the world.

Because of the limited resources for drug testing in
the non-border sanitary jurisdictions of Tamaulipas,
we developed a score for identifying those TB patients
at greater risk for drug resistance based on patients’
profiles. The goal was to determine if risk scores
could help stratify the patients with highest need for
drug resistance testing at diagnosis. Younger patients
(<40 years old), presenting with pulmonary TB and
having 5+1 or +2 bacilli on initial AFB smear
would increase the predictability of drug resistance.
Even though the model yielded a moderately signifi-
cant c-statistic (0·61), the observed drug-resistant

rate upon validating the score varied from 2·2% to
4·2% only and validating the model in the validation
dataset yielded significant yet lower predictability
(0·56). This low rate and low predictability in the val-
idation dataset does not weaken the moderate predict-
ability of the model, but highlights that models with
moderate predictability only partially explain the
risk of the predicted outcome. More precise prediction
for drug resistance status reducing the unexplained
residual variation thus requires additional data input
regarding patient and disease-specific characteristics
identified at TB case presentation. For example,
higher number of cavities on chest radiograph, bilat-
eral lung involvement, presence of pleural effusion,
or genetic predisposition (e.g. HLA-DRB1*14 allele)
have been documented in other studies, but such vari-
ables were not available in our dataset [30, 31]. Good
DM control also would likely be important in explain-
ing the residual variation among the DM patients [16,
19, 32], given that higher glucose levels were previ-
ously shown to affect innate immunity and change
specific peptide expression in TB-infected cells leading
to a higher bacterial load; but glucose levels were not
available in our dataset [33]. Given that drug testing
policies differ between the border and non-border
sanitary jurisdictions based on available resources,
we tried to develop a model using only the data
from the border jurisdictions where drug testing
is more comprehensive to help improve predict-
ability, but the model yielded a very low c-statistic
(c-statistic = 0·52; not shown). This raises a concern

Table 6. Multivariable logistic regression model and calculation of the simple and modified risk score for treatment
failure in TB–DM patients (n = 2121)

Predictor aOR (95% CI) Points for modified risk score

Death due to all cause
Predictors Model Score based on weighted OR

Baseline value 2
Male gender 2·9 (1·6, 5·4) 3
Malnutrition 3·0 (1·3, 7·5) 3
BCG vaccinated 0·4 (0·3, 0·7) −1
AFB smear positive 0·4 (0·2, 0·7) −1

Range of possible scores 0–8
c-statistic 0·68 0·68
Abandon treatment
Predictors Model Score based on weighted OR

Age (<40 years old) 2·1 (1·4, 3·3) 2
Male gender 1·9 (1·2, 2·9) 2
HIV 4·1 (0·9, 19·7) 4

Range of possible scores 0–8
c-statistic 0·63 0·62
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regarding drug resistance testing policies in the state of
Tamaulipas and requires additional effort to increase
drug testing rates at TB presentation and not later
during the course of treatment. If funding is not avail-
able for comprehensive drug testing, then an observa-
tional study in this TB population might help to
identify more risk factors for drug resistance that
will guide on the contribution of additional variables
collected from newly diagnosed TB patients in order
to improve the model, we developed using the surveil-
lance data.

There is a worldwide controversy on the relation-
ship between TB–DM and DR, treatment failure, or
death [16–21, 32, 34, 35]. Given that at least one in
four TB patients in Tamaulipas have DM co-morbid-
ity, we evaluated whether the predictability of adverse
events would provide stratification of the TB–DM
patients that would be helpful for individualized man-
agement (e.g. administration of treatment for 9
months vs. the standard 6 months, DR testing at

diagnosis, higher stringency in the directly observed
therapy) [22]. In the TB–DM subgroup, we found
two major positive predictors for death: male gender
and malnutrition. Malnutrition was previously found
to be highly prevalent in elderly diabetic patients
and those with diabetic renal complication [36–38]
and was identified in our model as a strong predictor
for death in the TB–DM subgroup. In contrast, it is
intriguing that an initial positive AFB smear was iden-
tified as a negative predictor for death in TB–DM
patients. This may be related to the higher death
rate among TB–DM patients with extra-pulmonary
TB who are known to be more likely to be smear
negative. Extra-pulmonary TB has been associated
with compromised immunity (e.g. more prevalent in
HIV-positive patients), but not with DM [39, 40].
Our findings lead us to speculate that the combination
of DM and extra-pulmonary TB reflect the presence
of multiple risks that synergize towards higher death
risk. These findings point to the added need to

Fig. 2. Diagrammatic scheme for adverse outcomes and drug resistance risk profiles and predictors likelihood for all TB
patients in Tamaulipas Mexico. Likelihood ratios (LRs) and c-statistics are based on the multivariable models in Tables 2
and 3.
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investigate TB–DM patients with extra-pulmonary
and/or negative AFB smears to identify any other
underlying immunological change that can synergize
to increase their risk of death. Further stratification
of TB–DM patients with clinical history and labora-
tory findings such as diabetes history or glucose
control are likely to refine the predictions further, as
suggested previously [16, 19, 32, 33] and further refine-
ment could be achieved by additional measures of
immune status, which are under development in
research laboratories.

We recognize some study limitations. We used sur-
veillance data from 2006 to 2013 that included a large
number of subjects but was limited to the variables
included in this dataset. Missing information regard-
ing presenting signs and symptoms, severity of lung
involvement, smoking history, genetic factors, dia-
betes control, HIV treatment status, and/or social sup-
port structure would likely improve the accuracy of
predicting adverse outcomes or drug resistance.
Delayed treatment initiation due to late presentation
to the health department was not accounted for;
which ultimately can affect TB outcomes. The absence
of universal testing for drug resistance might also have
led to non-differential misclassification of study sub-
jects and thus affecting our analysis. In addition, our
study sample was limited to TB patients presenting
to the Tamaulipas health department. Even though
caution should be exerted for extrapolation, our
results can be useful to other TB patient populations
worldwide with similar socio-demographic population
structure. Finally, the criticism of the AUC as a meas-
ure of classifier performance as discussed by Hand
et al. [41] might be of an issue though we believe
that it is not in our study, since the constructed risk
scores in the validation dataset yielded nearly similar
results. The replication of the results in the validation
dataset would debate that the score is a measure of the
classifier performance.

In conclusion, the modified scoring system with the
cut-off points we developed is simple to use and will
help refine the prediction of TB adverse events by dif-
ferentiating those with low vs. high risk. Though the
number needed to treat could not be calculated in
this study, we managed to identify those at risk using
the cut-off points and also identified an additional
score for recommended enhanced case management.
If health authorities were to apply the optimal cut-off
points of 15, 9, and 5 for reducing treatment failures,
drug resistance and death in Tamaulipas, they would
need to heighten their diagnosis and treatment

follow-up in 34·4%, 58·4%, or 47·6% of the TB
patients, respectively (Table S3). We provided add-
itional alternative cut-off points in Figure 1 and
Table S4, given that health authorities may not have
the resources to enhance management on this high pro-
portion of patients. Alternative suggestions for scaling
up their management could include cut-off points
include 40 or more for treatment failure, 10 for drug
resistance and 10 or more for death, which would
require an enhanced management on 0·5%, 25·9%, or
2·9% of all the TB patients, respectively (Table S4).
(Further description of the score categories and % of
TB patients’ distribution within the score categories
can be found in online Supplementary material
(Tables S4 and S5) available on the Cambridge Core
website.)

In summary, our findings have the potential to
improve TB control in Tamaulipas by identifying the
TB patients that will require close monitoring of
their treatment progress. However, our findings indi-
cate the difficulty in predicting drug resistance with
the available surveillance data. There is a need for add-
itional data collection in the TB surveillance platform,
or ideally of drug resistance testing at the time of TB
diagnosis, in order to achieve better prediction. Our
findings show the potential for further stratification
of TB–DM patients to identify within this group,
those at higher risk for treatment failure and death.

SUPPLEMENTARY MATERIAL

The supplementary material for this article can be
found at https://doi.org/10.1017/S0950268817001911.
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